Abstract. Water availability is highly influenced by variability of weather parameters. Minimum temperature and relative humidity are important parameters that have been sidelined in many water resources management projects. In this study, Autoregressive Integrated Moving Average (ARIMA) models were identified and diagnosed in order to forecast minimum temperature and relative humidity of the study area. The findings of the study show that minimum temperature was high during dry season, when relative humidity was low. Furthermore, the multiplicative seasonal models best fit minimum temperature and relative humidity represented as ARIMA (5, 1, 0)(2, 0, 0) 12 and ARIMA (1, 0, 0)(2, 0, 0) 12 respectively. While, a ten-year forecast derived from the models would be useful for effective planning and acquisition of water resources projects in the study area.
Introduction
Water resources management either long-term involving planning, design and construction, or short-term involving maintenance of new and existing facilities is sensitive to climate variability. Modelling and forecasting of hydro meteorological variables have proved to be a thoughtprovoking chore in water resources management. The hydrologic system of a region is influenced by precipitation, average temperature and moisture, and fluctuations in these parameters can have severe impinge on agricultural and economical state of the region (Sarraf et al., 2011) . Forecasts of hydro meteorological parameters are useful in making decision on both short and long-term bases for managing extremes such as floods and drought. Stochastic and time series models have been used for predictions, which are usually related to the data that are not independent and are consecutively interrelated (Nroumand, Bozorhnia, 2006) .
Relative humidity (RH) is a key component in simulating atmospheric boundary layer (Eccel, 2011) . They are important in estimating potential evapotranspiration based on the Penman-Monteith method (Allen et al., 1998) , which is important for irrigation engineering and groundwater recharge computation. Air temperature on the other hand is the temperature indicated by a thermometer opened to the air in a place where solar radiation is restricted (Wylie, Lalas, 1992) . Unlike temperature, relative humidity has been given very little attention in water resources management studies in Nigeria. Conversely, majority of the literatures on climate change used variations in atmospheric temperature and rainfall as indicators, while only few such as Eludoyin (2011) assessed relative humidity in climate variability studies across Nigeria.
The ARIMA is one of the well-nigh sensible methods for studying climatic variations (Sen, 1998) . Therefore, many researchers in order to forecast variability of climate parameters and in numerous water resources management studies have applied ARIMA model. For instance, Babu et al. (2011) applied ARIMA for the prediction of rainfall time series for Vellore in Tamil Nadu metrological station in India, which gave more appropriate result than auto regression and Markov chain. Okunlola and Folorunso (2015) fitted ARIMA models to rainfall series of selected states in Nigeria, and developed multiplicative seasonal models. Uba and Bakari (2015) developed ARIMA (1, 1, 0) model for monthly rainfall data for the period of 1981 to 2011; the model was used to forecast monthly rainfall for 44 months ahead to support water resource management.
Furthermore, Cadenas et al. (2016) compared the effect of the various meteorological variables such as barometric pressure, air temperature, wind direction and solar radiation or relative humidity, as well as delayed wind speed on the performance of the multivariate model of wind speed prediction based on nonlinear autoregressive exogenous artificial neural network (NARX) and ARIMA for some areas in Mexico. Similarly, Kavasseri and Seetharaman (2009) used the fractional-ARIMA models to predict wind speed and power production, one or two days ahead for North Dakota. Hossain et al. (2016) employed Box-Jenkins method to develop seasonal ARIMA models for monthly humidity dataset collected at Bogra, Dinajpur, Rajshahi and Rangpur stations over the period of January 2001 to Oc-tober 2014. Consequently, ARIMA (2, 0, 2)(2, 1, 2) 12 , ARIMA (0, 1, 2)(1, 1, 1) 12 , ARIMA (1, 0, 2)(2, 1, 1) 12 and ARIMA (1, 0, 2)(2, 1, 2) 12 model respectively was found to be suitable and these models were used to forecasting the monthly humidity for the upcoming two years to assist in water demand management decisions. YoosefDoost et al. (2017) analyzed and evaluated ARIMA statistical model with GFDL CM2.1 and CGM3 Atmosphere-Ocean General Circulation Models (AOGCMs) to assess the effects of climate change on temperature and precipitation in the Taleghan basin.
Thus, considering the importance of modelling and forecasting climatic variables by stochastic methods; having played basic role in agricultural and water resource management (Shamsnia et al., 2011) . This study seeks to model and forecast the variation of minimum temperature and relative humidity in lower Niger basin.
Material and Methods

Study area
Lower Niger River Basin covers the entire geographical boundaries of Kwara State and part of Kogi State in Nigeria, West of River Niger (Fig. 1) . The Basin is a unique and complex river system with an extensive network of tributaries. The Niger River is the principal river of Western Africa extending about 4,180 km (2,600 mi) with a drainage basin of 2,117,700 km 2 (817,600 sq mi) in area and the water resources cooperatively managed by the Niger Basin Authority (Tijani, 2011) . The average minimum temperature of the study area ranges from 21.3°C to 22.8°C, while the average relative humidity ranges from 73.4% to 74.4% (Eludoyin, 2011) . 
Methods
Autoregressive Integrated Moving Average Models
ARIMA, Box-Jenkins method, or the (p, d, q) model have been applied to time series analysis and modelling involving water resources projects. In the (p, d, q) model, p represents the number of autoregressive values, which is the part where the time series is dependent on its previous terms and some error terms, q represents the number of moving average values and d is the order of differencing needed for stationarity, which is the number of times needed for the series to be statistical equilibrium.
For a given time series Y t , a first order autoregressive process is denoted by ARIMA (1, 0, 0) or simply AR (1) and is given by;
In the AR (1) µ represent the mean, ɸ 1 is the slope coefficient, and εt is the error term. And a first order moving average process is denoted by ARIMA (0, 0, 1) or simply MA (1) and is given by;
where: θ is the moving average parameter. Alternatively, the model ultimately derived may be a mixture of these processes and of higher orders as well. Thus, a stationary ARMA (p, q) process is defined by the equation below; (3) where: ε t are independently and normally distributed with zero mean and constant variance σ² for t = 1, 2,…,n.
If the time series is of seasonal type, then it is possible to have models of two-dimensional state, and in principle, a part of the time series variations belongs to variations in any season and another part of it belongs to variations between different seasons (Shamsnia et al., 2011) . This type of ARIMA model is called multiplicative seasonal model and has the form ARIMA (p, d, q) (P, D, Q) (Shamsnia et al., 2011) . A three-step iterative process involving model identification, parameter estimation and diagnostic checking as presented by Box and Jenkins (1970) was adopted in the present study.
Test of significance of the coefficients
The t-value of for each parameters of the models were computed by the following equation:
If |t| ≥ 2, the estimated coefficient is significantly different from 0, then the model coefficient is statistically significant. If not, the model parameters are discarded.
Diagnostics of residuals Plot of residual autocorrelation function (ACF)
After the appropriate ARIMA model has been determined, one can examine the goodness of fit of the model by plotting the models' ACF of residuals. If most of the sample autocorrelation coefficients of the residuals are within the limits ±1.96/√N where N is the number of observations upon which the model is based, then the residuals have white noise indicating that the model has a good fit.
Results
Descriptive statistics of minimum temperature and relative humidity
The summary of the descriptive statistics of the minimum temperature between 1996 and 2015 is presented in Table  1 . Min -minimum, Max -maximum, Std. -standard deviation.
The Table 1 shows that minimum temperature fluctuated seasonally within the study period, with low standard deviation, which shows that the records did not deviated significantly from their means. More so, Table 2 shows the summary of descriptive statistics of the relative humidity, the table shows that the dry season had the lowest relative humidity. Which was as a result of low moisture content in the atmosphere during those periods. January and February, which, had the lowest values also had the highest standard deviation, implying that the distribution of relative humidity during the dry season was wider.
Time Series Analysis
The time plot of monthly minimum temperature and relative humidity are presented in Figures 2 and 3 . The time plots indicate that there are systematic changes known as trend. Minimum temperature shows a non-significant negative trend, while relative humidity shows a non-significant positive trend. In addition, the minimum temperature plot revealed that there are some irregularities in the series, which indicates that the series is not stationary and requires differencing the established model.
Identification of ARIMA models
To select the best model for forecasting into the future, this study assessed several candidates of Auto-Regressive Integrated Moving Average (ARIMA) models. The best models for forecasting were selected based on the criteria of Akaike Information (AIC), Corrected Akaike Information (AICC), as well as Bayesian Information (BIC) values. The corresponding selected models, estimated parameters and results of different information criteria are shown in Tables 3 and 4 with respective candidate models. The tables show that multiplicative seasonal models best fit minimum temperature and relative humidity, while the t-value shows the parameters of the models are significant.
Diagnosis of residual
In order to ascertain that the developed ARIMA models have no more information left for extraction, the residuals of the ARIMA models were assessed based on the BoxJung test and the ACF and PACF plots as shown in Table  5 , Figures 4 and 5 respectively. It could be observed from the diagnosis that the pvalue are greater than 0.05 in the Box-Jung test which goes to show that the residuals of the models are independent, while the ACF and PACF plots shows that most of the sample autocorrelation coefficients of the residuals are within the significance limits. Consequently, the residuals are independently and identically distributed with zero mean and few outliers; implying that there is no significant information reserved in the models. 
Forecasting and application of results
Forecasting of climatic variables is expedient for planning, management and optimization of water resources system. The forecast time plot of the minimum temperature and relative humidity in the study for the next ten years (2016) (2017) (2018) (2019) (2020) (2021) (2022) (2023) (2024) (2025) is presented in Figures 6 and 7. The figure shows the expected monthly variation in minimum temperature and relative humidity, which is expected to affect the water resources of the study area. The developed stochastic models would be useful in identifying most optimized integrated water resources management plans, which include determining water availability for industrial and domestic use, determining stream inflow, predicting rainfall for irrigation and livestock purposes, predicting the likelihood of flash floods resulting from high intensity rainfall, predicting inflow into dams/reservoirs, and a host of others. Furthermore, the results obtained from these forecasts could be used for hydrological characterization, flood management and control, irrigation and for recreational purposes in lower Niger and other parts of Nigeria.
Discussion
Minimum temperature and relative humidity in lower Niger basin of Nigeria has been assessed. The study revealed that minimum temperature was high in the dry season, while relative humidity was high in the wet season, this corroborates the finding of Tijani (2011) . It was also revealed that there are systematic changes known as trend in the variables studied. Minimum temperature shows a non-significant negative trend, while relative humidity shows a non-significant positive trend. In addition, it was observed that multiplicative seasonal models best fit minimum temperature and relative humidity represented by ARIMA (5, 1, 0)(2, 0, 0) 12 and ARIMA (1, 0, 0)(2, 0, 0) 12 respectively, while the t-value shows the parameters of the models are significant. The findings of this study agree with Okunlola and Folorunsho (2015) who recommended that AR parameters of order up to 6 and MA parameters of order up to 3 serve the purpose in most hydrologic applications.
Furthermore, the time series of minimum temperature and relative humidity was divided into three decades and presented in Figures 8 and 9 to ascertain difference in decadal seasonal variability. As shown in Figure 8 , average minimum temperature between 2016 and 2025 is forecasted to be lower in the months of February and March than the previous two decades (1996-2005 and 2006-2015 respectively) , while average minimum temperature is expected to be higher in other months in the forecasted decade. On the other hand, average relative humidity is forecasted to be higher in the wet season, however these values were expected to lower between 2016 and 2025 than the past two decades (Fig. 9 ). This implies that as minimum temperature decreases, relative humidity is expected to increase in the study area based on the one-decade ahead forecast. As a result, more rainfall is expected to occur during the forecasted period, which could lead to adverse environmental effect such as flooding. A lower value of relative humidity between 2016 and 2025 than between the previous two decades (1996-2005 and 2006-2015 respectively) calls for serious attention to climate-induced hazards. Table 6 shows the summary of ANOVA. The table shows that there is significant difference between the one decade ahead forecast of minimum temperature (p < 0.05) and of relative humidity (p < 0.05) and the observed two decades. . Fig. 9 . Seasonal variability of observed and forecasted relative humidity. Security, 2017, Vol. 3, jws2017006 The absence of information to tackle challenges resulting from climate variability is common in developing countries (Aiyelokun, 2016) . Water resources management is sensitive to variability of hydro meteorological parameters therefore the results presented in the study could compliment other water resources management tools for the study area. The average minimum temperature in the study area is forecasted to be generally lower in the wet season of 2016-2025 decade. Relative humidity, which is the water content of the atmosphere, is generally expected to increase during the wet season between 2016 and 2025 (Fig. 9 ) which corroborates Odjugo (2010) that there is a general increase in rainfall in the southern regions of Nigeria, however the lower median values of relative humidity during this period confirms that the on-going climate variability that has been reported globally, is also excepted to persist in the study area. Variability of the one decade-ahead minimum temperature and relative humidity of the study area, will have profound effect on water resource management plans as well as agriculture and GDP.
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Conclusion
Minimum temperature and relative humidity have mostly been sidelined in water resources studies. This study contributes to the body of knowledge by developing ARIMA models for the two variables. In conclusion, the ten years forecast derived in this study would be useful for effective planning and acquisition of water resources projects involving hydrological characterization, flood management, irrigation and recreational purposes in the study area.
